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Abstract. In this work, we propose a self-adaptive spatial-temporal correlation (SAS-
TC) prediction algorithm, which combines temporal correlation and spatial correlation to
prediction sensing data in wireless sensor networks. Adaptive grey prediction model is
used to measure the temporal correlation of sensing data, and then Delaunay triangula-
tion is introduced to measure the spatial correlation of sensing data. The adaptive grey
prediction model runs between member nodes and cluster heads, using the temporal cor-
relation of data within these nodes and heads to reduce the amount of data transmission.
The spatial correlation model runs between cluster heads and sink nodes, using the spatial
correlation of data within the member nodes to reduce the amount of data transmission.
The simulation results show that the algorithm has higher prediction accuracy, which can
effectively reduce the amount of data transmission in the network and save the energy
consumption of data transmission.
Keywords: Wireless sensor networks, Network lifetime, Data prediction, Self-adaptive
spatial-temporal correlation

1. Introduction. Wireless sensor networks (WSNs) are deployed in a geographical area
for monitoring physical phenomena like temperature, humidity, seismic events [1]. In order
to obtain exact information of environments or events, a large number of sensing nodes
are deployed to collect and report data to sink nodes at a high frequency rate. The data
generated by sensor nodes usually have high spatial-temporal correlation and contain
large amounts of redundant data. Meanwhile, transferring redundant data will cause
unnecessary energy consumptions and collisions. Thus, it is a significant problem to reduce
energy consumption and extend the lifetime of WSNs. Data prediction is an efficient
technique for solving this problem. By exploring the spatial-temporal correlation, two
synchronized predictors are used on both sensor nodes and sink nodes. If data prediction
error is smaller than the given threshold, sensor nodes will not send the data to sink
nodes. Sink nodes regard prediction values as sensing data, which can reduce the data to
be transmitted and communication energy cost, and thus prolong the network’s lifetime.

Temporal correlation prediction models in WSNs have been studied to prolong the life-
time of sensor networks, which mainly adopt typical time series models. Lazaridis and
Mehrotra proposed a piecewise constant approximation (PCA) method which uses a con-
stant value as the prediction value [2]. Mollanoori et al. proposed an online prediction
framework and some other simple linear predictions, that is, single point predictor (SPP)
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[3], simple linear extrapolation (SLE) predictor and even linear extrapolation (ELE) pre-
dictor. Lim and Shin [4] proposed two different kinds of self-adaptive linear predictors:
directly smoothed slope based linear (DSSL) predictor and directly averaged slope based
linear (DASL) predictor. Gaura et al. [5] proposed a linear Spanish inquisition protocol
(L-SIP), which uses double exponentially weighted moving average (EWMA) to make
the prediction. Han et al. [6] proposed that each node associates with an upper bound
and a lower bound, and these bounds instead of the raw data are sent to sink nodes.
Similarly, McConnell and Skillicorn [7] proposed that each sensor transmits the predicted
target class rather than the raw data to sink nodes. These two approaches are classi-
fied into algorithmic techniques, but their computational and transmission complexity
is high. Singh et al. used grey prediction algorithm to predict data based on the slid-
ing of historical data segments [8]. Moving average prediction algorithm, autoregressive
prediction algorithm and autoregressive moving average prediction algorithm belong to
typical prediction algorithms based on time correlation [9]. They can be used in many
practical cases with good accuracy, but as we all know this is an impossible task for nodes
that have limited computing capacity and memory to run a complex long-term prediction
algorithm. In addition, these algorithms based on time correlation require nodes to store
a large amount of historical data, which requires a large storage space for nodes. More-
over, these algorithms have low prediction accuracy when the data fluctuate, so they are
only suitable for the data with higher time correlation. Therefore, in order to avoid such
limitations, it is necessary to develop an efficient data prediction method in WSNs [10].

In fact, WSNs have the characteristic of a large scale intensive deployment of nodes,
which often results in a strong spatial correlation between the monitoring data of adjacent
nodes [11,12]. Spatial correlation refers to the fact that certain physical phenomena ob-
served by the nodes are spatially consistent, resulting in the similarity of data collected by
adjacent nodes [13]. Jiang et al. [14] proposed an adaptively enabling/disabling prediction
scheme for clustering which is based on an AR prediction model. Algorithmic approaches
mainly exploit the heuristic or behavioral characteristics of the sensing phenomena in
order to aggregate data. Typically, Goel and Imielinski [15] proposed a paradigm called
the prediction-based monitoring for energy-efficient monitoring (PREMON) based on the
concept of MPEG encoding and then proposed a buddy protocol [16], which extends the
PREMON by using a distributed scheme to exploit spatial correlations between sensor
nodes. The main drawback of these approaches is their considerable high computational
cost.

Therefore, combining temporal correlation with spatial correlation to make data pre-
diction can solve the shortcoming of temporal correlation prediction methods especially
when the data fluctuate. Choi et al. [17] presented a cost effective monitoring scheme
for cyber-physical system platform using a spatio-temporal model. Chen et al. [18]
developed a clustered spatio-temporal compression scheme by integrating network cod-
ing (NC), compressed sensing (CS) and spatio-temporal compression for correlated data.
Kandukuri et al. [19] proposed a hybrid data aggregative window function (DAWF) al-
gorithm for exploiting both spatial and temporal data redundancies in WSNs [20]. The
spatial-temporal correlation is an important feature of sensor data in WSNs. Based on
the analysis of spatial-temporal correlation in WSNs, in this work we propose a self-
adaptive spatial-temporal correlation (SASTC) prediction algorithm, which introduces
the Delaunay triangulation diagram to calculate the spatial correlation weighting factors
for monitoring data in the network, and uses the Markov process to accurately describe
the changing process of monitoring data from adjacent nodes in WSNs. This algorithm is
suitable for clustered network and mainly consists of two parts: adaptive grey prediction
model and spatial correlation prediction model. The adaptive grey prediction model runs
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between member nodes and cluster heads, using the temporal correlation of data within
these nodes and heads to reduce the amount of data transmission. The spatial correlation
model runs between cluster heads and sink nodes, using the spatial correlation of data
within the member nodes to reduce the amount of data transmission. Simulation results
show that the algorithm can effectively reduce a significant number of data transmissions.

The rest of the work is organized as follows. In Section 2, after briefly reviewing
the focusing problem, we detail the self-adaptive temporal correlation (SATC) prediction
model. In Section 3, the spatial correlation prediction model is introduced. In Section 4,
we use simulation results to verify the proposed prediction model. Section 5 concludes
the work.

2. Self-Adaptive Temporal Correlation (SATC) Prediction Model.

2.1. Network model. The research of this paper is based on clustering algorithms,
such as low energy adaptive clustering hierarchy (LEACH), geographical adaptive fidelity
(GAF), and TopDisc. After the completion of the clustering, cluster heads will build
the Delaunay triangulation diagram according to node locations in the cluster. Delaunay
triangulation has the feature of empty round and its least angle is the largest, which
ensures adjacent graphs using the pattern are more uniform and reasonable compared to
other forms of adjacent graphs [21,22]. Thus, using Delaunay triangulation to measure
the spatial correlation is more accurate. As shown in Figure 1, the solid dots represent
the cluster heads, the hollow dots represent member nodes in clusters, the dotted lines
represent the scope of cluster, and the solid lines indicate the adjacent diagram of the
Delaunay triangle network in the cluster.

Delaunay triangulation adjacent graph is the dual graph of Voronoi diagram. Nodes
divide the whole monitoring area according to the neighboring principle in the network.

Figure 1. Delaunay triangulation graph of nodes in cluster
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The continuous polygon composed by perpendicular bisector of the line between two
adjacent monitoring regions is the Voronoi diagram [23]. Setting N as the set of finite
nodes in area R2, the Euclid distance of any position s(s1, s2) in the monitoring region to
node n(n1, n2) is as follows:

∥n − s∥ =
√

(n1 − s1)2 + (n2 − s2)2, n ∈ N (1)

For each node, the distance of any position within the monitoring area to the node is
less than the distance from the position to other nodes:

∥n − s∥ ≤ ∥t − s∥ , ∀t ∈ N (2)

The divided node monitoring area that is generated by the above method is the Voronoi
diagram. Connecting two adjacent points within Voronoi diagram which have common
boundary is Delaunay triangulation adjacent diagram [24]. This article uses Delaunay
triangulation to construct adjacent graphs in the cluster network. It measures the spatial
correlation coefficient according to the distance between adjacent nodes. Spatial correla-
tion coefficient is used to determine the influence of changes between node data, which
constitute one-step transition probability matrix of Markov chain prediction.

2.2. Temporal correlation prediction model. This section introduces the SATC pre-
diction model that works in nodes and cluster heads. The main purpose of this model is
to reduce the amount of data transmission from member nodes to cluster heads. Nodes
analyze their short-term historical data to determine short-term trends, and send pre-
dicted values to the cluster heads. According to the predicted values, if prediction error
is less than the given threshold which depends on application situations and experiences,
node will not send data to cluster heads. This process can reduce node energy consump-
tion. Moreover, if several prediction errors are greater than the given threshold, we can
say the changing tendency of the data has changed. Then, nodes will adjust prediction
parameters according to the short-term historical data, and send monitored values and
adjusted parameters to clusters.

Setting S as the sensor network, it consists of a collection of n sensing nodes S =
{s1, s2, . . . , sn} and a sink node. All data generated by the sensor network S can be
written as V = {V1, V2, . . . , Vn}. Vi = {vi(t1), vi(t2), vi(t3), . . .} where 1 ≤ i ≤ n is a time
sequence set generated by sensor node si in each T second. The whole sensor network
is grouped into clusters. The nodes in the network send data to a gathering node using
single hop or multi-hop. P = {P1, P2, . . . , Pn} is the prediction data generated by n
sensor nodes in the sensor network S. Pi = {pi(t1), pi(t2), pi(t3), . . .} is the prediction
data generated by sensor node si in each T second.

As shown in Figure 2, continuous 10000 temperature data were collected by a node over
about five days, and the time interval of data collection is about 40 seconds. Through the
picture we can see that the data changing trends during a specific period are roughly linear,
but there are fluctuations above it. Thus, we cannot achieve ideal accuracy prediction if
we only use a single linear prediction algorithm or nonlinear data algorithm. Meanwhile,
some complex data prediction algorithms such as neural networks cannot be conducted
in sensor nodes because of their limited computing power. Based on the analysis of data
characteristics, this paper decomposes the changes of monitoring data into the linear
component and the nonlinear component:

Vi = Mi + Xi (3)

vi(t) = mi(t) + xi(t) (4)

where Mi is a linear trend component of node si that grows over time, Mi = {mi(t −
n + 1),mi(t − n + 2), . . . , mi(t)}, and Xi is the nonlinear trend component of node si,
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Figure 2. Data of temperature

Figure 3. Original data and linear prediction

Xi = {xi(t), xi(t− 1), xi(t− 2), . . .}. The linear trend component is represented by a first
order linear equation:

mi(t) = αi + βit (5)

where αi and βi are real variables which are determined by the least square method.
In parameter adjustment phase, nodes use the least mean square fitting method to cal-

culate the parameters based on the change trends of historical data, and send predicted
values to cluster heads. In most of computational software such as MATLAB, the cor-
responding function to the least square method is built, so it is easy to determine the
values of αi and βi. Cluster heads and member nodes predict linear change component
according to αi and βi. As shown in Figure 3, we can use the first four data to calculate
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Figure 4. Prediction error change by the AR first order autoregressive model

the prediction parameters, and then predict the subsequent linear change part of the time
series data according to αi, βi and Equation (5). Equation (3) and Equation (4) can be
used to calculate the non-linear part of the subsequent data, as shown in Figure 4. In
[25], authors use AR first order autoregressive model to predict the partial data changes.
AR (autoregressive) model is suitable for the prediction of the linear stationary process.

xi(t) = aixi(t − 1) + bixi(t − 2) + cixi(t − 3) + δiN(0, 1) (6)

where ai, bi and ci are real variables, and δiN(0, 1) is the standard error function of white
noise. However, with the changing of the data, the prediction error will increase constantly
when using αi and βi to indicate the linear change, which leads to a growing number of
nonlinear parts of the data. Thus, using the AR forecast model to predict the nonlinear
changes is not suitable for data that have nonlinear increase or decrease characteristics.
Otherwise, the prediction error is large, and we need to adjust the forecast parameters
αi, βi, ai, bi and ci frequently according to the data changing.

Grey prediction is suitable for predicting the nonlinear change of data. Grey mathe-
matics is used to deal with uncertain and quantitative data. Grey mathematics regards
the observed data sequence as grey or grey process that changes over time, and takes full
advantage of the known data information to seek out the patterns of data changes. It
generates corresponding data change model, and makes predictions through establishing
data accumulation or regression. Grey prediction models can make accurate prediction
by using a small number of historical data. Grey prediction is a kind of ideal prediction
methods for a small amount of observation data with nonlinear growth. This paper uses
the GM(1, 1) model which is a common grey prediction model to predict the nonlinear
change part of data. GM(1, 1) model is a first order model which only contains one vari-
able. The model is simple, but it has a good prediction effect for nonlinear data. Thus,
the model is suitable for running in the nodes with limited computing power.

Set Xi as the original data series of GM(1, 1):

Xi = {xi(1), xi(2), . . . , xi(n)} (7)
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Set X
(1)
i as the first order accumulation generating operator (AGO) series of Xi:

X
(1)
i =

{
x

(1)
i (1), x

(1)
i (2), . . . , x

(1)
i (n)

}
(8)

where

x
(1)
i (k) =

k∑
t=1

xi(t), k = 1, 2, . . . , n (9)

Set Z
(1)
i as the generated mean sequence of consecutive neighbors of X

(1)
i :

Z
(1)
i =

{
z

(1)
i (2), z

(1)
i (3), . . . , z

(1)
i (n)

}
(10)

Z
(1)
i (k) = 0.5x

(1)
i (k) + 0.5x

(1)
i (k − 1) (11)

The grey differential equation model of GM(1, 1) is:

xi(k) + az
(1)
i (k) = b (12)

where a is the developing coefficient and b is the grey model parameter. Set u as the
parameter vector to be estimated, then u = (a, b)T . The least squares estimate parameter
of Equation (10) satisfies the following equation:

û =
(
BT B

)−1
BT Yn (13)

b =


−z(1)(2) 1
−z(1)(3) 1

· · · · · ·
−z(1)(n) 1

 (14)

y =


x(0)(2)
x(0)(3)
· · ·

x(0)(n)

 (15)

Albinism differential equation of GM(1, 1) can be expressed as:

dx
(1)
i

dt
+ ax

(1)
i = b (16)

The solution of Equation (16) is:

x̂
(1)
i (t) =

(
x

(1)
i (1) − b

a

)
e−at +

b

a
(17)

Time series of GM(1, 1) is:

x̂
(1)
i (k + 1) =

[
x

(1)
i (1) − b

a

]
e−ak +

b

a
, k = 1, 2, . . . , n (18)

and x
(1)
i (1) = xi(1), then

x̂
(1)
i (k + 1) =

[
xi(1) − b

a

]
e−ak +

b

a
, k = 1, 2, . . . , n (19)
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The prediction can be computed as:

x̂i(k + 1) = x̂
(1)
i (k + 1) − x̂

(1)
i (k)

=

[
xi(1) − b

a

]
e−ak +

b

a
−

[
xi(1) − b

a

]
e−a(k−1) +

b

a

=

[
xi(1) − b

a

] (
e−ak − e−a(k−1)

) (20)

Equation (20) is the prediction equation of the nonlinear part. The prediction value of
node si at time t is:

pi(t) = m̂i(t) + x̂i(t) (21)

The prediction error of node si at time t is:

ei(t) = vi(t) − pi(t) (22)

Based on the above analysis, the basic process of applying GM(1, 1) into the prediction
of nonlinear changes in the sensing data is as follows. Nodes create a sequence of length
n during every T interval, Vi = {vi(t − n + 1), vi(t − n + 2), . . . , vi(t)}. Every node uses
minimum mean square to fit the parameters αi and βi according to Equation (5) in the
parameter adjustment phase, and calculates subsequent linear series according to the
parameters αi and βi. Then nodes make out sequence Xi according to Equation (4).
At last, nodes use grey prediction model to calculate the coefficients ai and bi. Data
prediction model running in nodes can uniquely determine predictive parameters αi, βi,
ai and bi. Then, nodes send four parameters to the cluster heads. Cluster heads can
compute the value of these nodes according to αi, βi, ai, bi and their historical data.

2.3. Simulation analysis of the temporal correlation model. In order to validate
the prediction effect of the temporal correlation model in 2.2, the data in Figure 2 are
used. In this paper, the value of W is 2 in the simulation. The parameters are adjusted
more frequently when data have larger fluctuations, as compared in Figure 2 and Figure 5.
Compared with the ADC model which is proposed in [26], the SATC model not only needs

Figure 5. The time comparison of parameter adjustment using ADC and SATC
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Figure 6. The effect comparison of ADC and SATC

less prediction parameters but also needs less time for parameters adjustment. Figure 6
shows the amount of data uploaded in the prediction process by the two algorithms. The
amount of uploaded data in SATC model is lower than that in ADC prediction algorithm
under different error thresholds. There are two reasons for this result, that is, fewer
prediction parameters and less time for parameters adjustment.

3. The Spatial Correlation Prediction Model.

3.1. Spatial correlation model. This section mainly introduces the data prediction
model between cluster heads and sink nodes. The main purpose of the model is to reduce
the data transmission from member nodes to sink nodes. In this paper, we take the
Delaunay triangulation of cluster nodes as G(V, E), where V = {1, 2, 3, . . . , n} represents
the collection of nodes in the monitoring area, E represents a collection of neighboring
nodes, and n represents the number of nodes in the network. The collection of neighbor
nodes of node i is Ni = {j ∈ V | (i, j) ∈ E} ⊂ V , and the adjacency matrix of graph
G(V,E) is A = [aij] ∈ Rn×n where aij = 1 when (i, j) ∈ E and otherwise aij = 0.

The number of elements in the collection Ni is called the degree of node i, denoted as
li, and then li =

∑n
j=1 aij. According to the property of the Delaunay triangulation, the

node i has at least two adjacent nodes, so li ≥ 2.
Let dij represent the Euclidean distance between node i(xi, yi) and node j(xj, yj), and

then dij =
√

(xi − xj)2 + (yi − yj)2. dmi is the distance between node i and its nearest
neighbor nodes, namely, dmi = min {dij}, ∀i, j ∈ E.

Then, the spatial correlation coefficient between node i and node j is:

wij =


dmi

lidij

, {i, j} ∈ E

1 −
∑

{i,j}∈E

wij, i = j

0, otherwise

(23)
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According to the nature of the spatial correlation, the closer the two nodes are, the
greater the influence of the data is on each other at the next moment, and the data
spatial correlation would be greater. Based on the distance between nodes, Equation (23)
can reasonably distribute the spatial correlation coefficient for adjacent nodes.

The correlation coefficient matrix is:

W = [wij] ∈ Rn×n (24)

where W is the one step transition probability matrix of Markov chain that is used in
this paper to predict the spatial correlation data.

The stochastic process {S(t), t ∈ T} and state space of {Sn :k > 0} is I. For k values at
time t, t1 < t2 < · · · < tk, k ≥ 3, under the condition S(tk) = sk, sk ∈ I, k = 1, 2, . . . , n−1,
the conditional distribution function of S(tk) is equal to that of S(tk) when S(tk−1) = Sk−1,
then, {S(t), t ∈ T} is called the Markov process. The Markov process whose time and
state in the process are discrete is a Markov chain [27,28]. In this paper, the monitoring
data of sensor nodes’ change process is a Markov chain. The chain’s state space is denoted
as I = {X(1), X(2), X(i), . . .}, Xi ∈ Rn where X(t) = {X1(t), X2(t), . . . , Xn(t)} which
represents the data generated by n nodes at time t. For any positive integer k, there is:

P (k) = P (m,m + k) = P{X(m + k)|X(m)} (25)

It is the k step transition probability matrix, by which Markov chain transfers from
state X(m) to state X(m+k) through k step. If the transition probability pij(m,m+k) is
only related to nodes i, j and time interval, it could be denoted as pij(k). This transition
probability is with stationarity. When the Markov chain is homogeneous, the transition
probability is:

pij(k) = p{Xi(m + k)|Xj(m)} (26)

The k step transition probability matrix is:

P (k) = [pij(k)] ∈ Rn×n (27)

Here there are two properties: 0 ≤ pij(k) ≤ 1, ∀i, j ∈ T and
∑

j∈T pij(k) = 1, ∀i ∈ T ,
n > 0. One step transition probability of Markov chain is

pij = pij(1) = p {Xi(m + 1)|Xj(m)} (28)

One step transition probability matrix by one step transition probability is:

P = P (1) =


p11 p12 · · · p1j · · ·
p21 p22 · · · p2j · · ·
...

...
...

pi1 pi2 · · · pij · · ·
...

...
...

 (29)

As we can see, the spatial correlation coefficient matrix W satisfies the two properties
of the transition probability matrix P (k). The correlation coefficient matrix W of the
spatial correlation algorithm for data prediction satisfies the properties of the one step
transition probability matrix of Markov chain. In this study, we use one step prediction
method to predict data. The proposed data prediction algorithm is based on the transition
probability matrix of Markov chain. According to the spatial correlation between nodes,
we take the spatial correlation coefficient matrix W as one step transition probability
matrix P , that is, P = W .

According to the current node change state of current data and the step transition
probability matrix, the prediction formula is ∆Xi(t) =

∑n
j=1 pij∆Xj(t), ∀i, j ∈ V where
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t represents time, and
∆Xi(t) = Xi(t) − Xi(t − 1) (30)

Xi(t) =

{
Xp

i (t), ei(t)(%) ≤ ε
Xm

i (t), ei(t)(%) > ε
(31)

where Xp
i (t) represents the predictive value of node i at time t, Xm

i (t) represents the
monitoring value of node i at t, ε represents the given error threshold, and ei(t)(%)
represents the prediction error percentage of the node i at time t. The calculation formula
of the prediction error percentage of node i at time t is:

ei(t)(%) =

∣∣∣∣Xp
i (t) − Xi(t)

Xi(t)

∣∣∣∣ × 100 (32)

Then, the predictive value of node i at time t + 1 is:

Xp
i (t + 1) = Xi(t) + ∆Xi(t + 1)

= Xi(t) +
n∑

j=1

pij(Xj(t)−Xj(t − 1)), ∀i, j ∈ V
(33)

3.2. Algorithm description. The SASTC mainly includes two parts: the self-adaptive
temporal correlation (SATC) prediction model based on grey prediction and the spatial
correlation (SC) prediction model based on Markov chain. The working positions of the
two prediction models are shown in Figure 7.

Figure 7. The working locations of the two models

The spatial correlation prediction model is used between cluster heads and the sink
node, which uses the spatial correlation of the data among the cluster members to reduce
the data transmission between cluster heads and the sink node. The algorithm is divided
into the following three stages:

(1) In the network clustering stage, the system finds the cluster’s Delaunay triangle
adjacent graph.

(2) In the data collection stage of cluster heads, member nodes and cluster heads run the
self-adapting time correlation prediction model to reduce the data transmission between
member nodes and cluster heads.

(3) In the data collection stage of the sink node, member nodes and cluster heads run the
spatial correlation prediction model based on Markov chain to reduce data transmission
between cluster heads and the sink node.

The execution process of self-adapting spatial-temporal correlation data prediction al-
gorithm is shown in Figure 8.
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Figure 8. Flow chart of the integrated algorithm

4. Simulation and Analysis.

4.1. Wireless communication energy consumption model. In order to verify the
performance of our proposed algorithm, this study uses Matlab simulation. In the 100m
∗ 100m region, we randomly deployed 100 nodes for energy consumption simulation. The
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simulation uses the LEACH protocol to cluster at first. The selection ratio of cluster
head is 0.05. The model uses the method of single jump to transmit data. The Delaunay
triangle adjacent graph is shown in Figure 1, which assume that the route between nodes
with cluster heads and between cluster heads with the sink node are credible. Each node
and cluster head transit data one time in every around. The time of nodes, cluster heads
and the sink node is synchronous. The sink node and cluster heads use the unified data
and the prediction algorithm. The prediction error threshold is 3% which is small enough
for the actual applications.

In order to verify the data transmission algorithm and the network life cycle in the
network, this paper adopts the data transmission model and the node energy consumption
model to describe the data transmission and the node energy consumption situation in
the network. The model parameters are shown in Table 1. These parameter values are
recommended by TinyOS. TinyOS is especially useful for microcontroller-based devices
that have sensors and/or networking capabilities. It is designed for resource-constrained
devices such as microcontrollers and devices that need very low power. This research uses
TinyOS as the research platform. The topology used in our simulation is the same as the
real topology of the sensor network that will be deployed in one real garden in further
study.

Table 1. Simulation parameters

Parameters Values Unit
Number of nodes 100
Deployment scope (0, 0) to (100, 100) m

Coordinates of the sink node (50, 50) m
Eo 0.05 Joules

Packet length 4000 bit
Eelec 50 nJ/bit
εmp 0.0013 pJ/bit/m4

εfs 100 pJ/bit/m2

Ep 5 nJ/bit
Percentage of cluster head 0.05
Prediction error threshold 0.03

In Table 1, Eo represents the initial energy of the node, Ep represents the data process
and the predicted energy consumption, Eelec represents the circuit energy consumption of
sending or receiving data, and εmp and εfs represent the energy consumption of the signal
amplifier, respectively. The nodes’ distance is d, and the energy consumption for nodes
sending n bits data is expressed as follows [23-25]:

ETX(n, d) =

{
n × Eelec + n × εmp × d4, d > d0

n × Eelec + n × εfs × d2, d ≤ d0
(34)

where

d0 =

(
εfs

εmp

) 1
2

(35)

The energy consumption for nodes receiving n bits data is as follows:

ERX(n) = n × Eelec (36)

The energy consumption for nodes processing and predicting n bits data is as follows:

EP (n) = n × EP (37)
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The nodes’ remaining energy is as follows:

Er = Eo − (ETX(n1, d) + ERX(n2) + EP (n3)) (38)

where Er represents the nodes’ residual energy, Ep represents the nodes’ initial energy, n1

is the total amount of data transmission, n2 is the total amount of data reception, and
n3 is the total amount of data processing and prediction. The node dies when the node’s
residual energy Er ≤ 0.

4.2. Simulation results and analysis. Figure 9 shows the comparison of the SASTC
algorithm, the ADC algorithm and no prediction algorithm. These algorithms are con-
ducted with the error threshold being 3%. We can see the following observations.

(1) Among the three algorithms, the SASTC algorithm produces the least amount of
data packets to the sink node. The SASTC algorithm can reduce about 3.74% of data
transfer rate compared with the ADC algorithm. The transmission with no prediction
algorithm is with the largest amount of data packets. This verified the effectiveness of
SASTC and ADC for reducing data transmission in WSNs, and more importantly showed
the advantage of our SASTC algorithm over the ADC algorithm.

(2) For all the three transmission algorithms, the simulation round to the stability is
comparative, that is, about 800 rounds. This observation shows our SASTC algorithm
does not take the efficiency as the cost to obtain the more performance in reducing the
data transmission.

Figure 10 and Figure 11 show the compared results of dead node number and live node
number during the simulation time, respectively. From the comparison in Figure 10, we
can have the following observations.

(1) All the three algorithms have no dead nodes at the beginning, and have sudden
increases in the number of dead nodes when the transmission rounds are over given values.
This phenomenon is inevitable due to the energy consumption of sensing nodes.

Figure 9. Comparison of data upload number



A SASTC PREDICTION ALGORITHM 1011

Figure 10. Comparison of dead node number

Figure 11. Comparison of live node number

(2) Although the three algorithms have the similar changing trends in the number
of dead nodes, our SASTC algorithm shows the competitive advantage over other two
algorithms. That is, our SASTC algorithm needs more rounds to reach to the same
number of dead nodes.

From the comparison in Figure 11, we can have the following observations.
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(1) All the three algorithms have 100% of live nodes at the beginning, but have sudden
decreases in the number of live nodes when the transmission rounds are over given values.
Similarly, this phenomenon is inevitable due to the energy consumption of sensing nodes.

(2) Although the three algorithms have the similar changing trends in the number of live
nodes, our SASTC algorithm shows the competitive advantage over other two algorithms.
That is, our SASTC algorithm has the most live nodes among the three algorithms.

Through the above simulation results, we can see that using SASTC algorithm is better
than using ADC algorithm. The former can decrease network data transmission, reduce
the energy consumption of the nodes data transmission and prolong the life cycle of the
network.

5. Conclusions. In this paper, we applied the spatial-temporal correlation of WSNs
data to the data prediction, and built the self-adapting linear prediction model and the
spatial correlation prediction model based on the Markov chain. Through analyzing the
two models, we proposed the SASTC prediction algorithm. This algorithm not only
overcomes the low precision problem of the time correlation data prediction algorithm,
but also reduces the requirement of data prediction algorithm for node’s computing power
and data storage capacity. The simulation results show that, compared with the ADC
algorithm, the SASTC algorithm has higher prediction accuracy, can effectively reduce
the amount of data transmission in the network and save the energy consumption of data
transmission. For the future research, we plan to implement and evaluate our work in
real sensor networks. The algorithm could be used in some aspects that have not been
addressed in this work, such as leveraging the SASTC prediction algorithm to improve
the coverage of wireless sensor networks.
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